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Abstract

Health monitoring of aircraft systems is of great interest to aircraft manufacturers and operators
because it minimises the aircraft downtime (due to avoiding unscheduled maintenance), which in turn
reduces the operating costs. The work that is presented in this paper explores, for a Boeing 747 APU,
fault simulation and diagnostics for single and multiple component faults. Data that corresponds to
healthy and faulty conditions is generated by a calibrated simulation model, and a set of performance
parameters (symptom vector) are selected to characterise the components health state. For each
component under examination, a classification algorithm is used to identify its health state (healthy
or faulty) and the training strategy that is used considers the existence of multiple faults in the system.
The proposed diagnostic technique is tested against single and multiple fault cases and shows good
results for the compressor, turbine, Load Control Valve (LCV) and Fuel Metering Valve (FMV), even
though these faults present similar fault patterns. On the contrary, the classifiers for the Speed Sensor
(SS) and the generator do not provide reliable predictions. As regards the SS, the sensitivity
assessment for this component showed that the existence of faults in the other components can
sometimes mask the SS fault. The reason that the generator diagnosis fails under the proposed
diagnostic technique is attributed to the fact that it has only a very slight influence on the other
symptom vector parameters. In both cases, additional diagnostic strategies are suggested.
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1. Introduction

1.1. Auxiliary Power Unit - System Background

The Auxiliary Power Unit (APU) is a system installed in all commercial aircraft and its purpose is to
provide bleed air and electrical power to the aircraft systems. The APU is mainly operated when the
aircraft is at the airport gate, when the main engines have not started, or in case of an emergency
during flight. The APU is one of the main drivers of maintenance as reported by Liu et al. [1], and APU
maintenance costs significantly increase due to component faults that lead to unscheduled
maintenance, as reported by Yabsley et al. [2]. Hence this system is worthy of study.

The APU consists of a single spool gas turbine engine that transfers energy to an electrical
generator through its shaft. Bleed air is extracted either from the gas turbine’s compressor or from an
independent compressor (load compressor) connected to the main shaft. Representative examples
for these configurations are provided by Skliros et al. [3] and by Siebel et al. [4]. The gas turbine
bearings are lubricated and protected from overheating by a lubrication and cooling system. An
electric motor and an ignition system are used to start the APU. Fuel flow during starting and steady-
state is regulated by the fuel system, which is controlled by the APU control unit, and in modern APUs,
this is a Full Authority Digital Electronic Controller (FADEC).

Previously [3] an APU simulation has been developed, calibrated, and validated against Boeing 747
APU test data. This was previous work by the current authors, which explored electrical power and
bleed air extraction across a number of healthy test cases. This paper aims to take this rich simulation
and extend it into a simulation of fault modes, for which experimental testing cannot readily be
performed, against which to test a diagnostic technique that is able to identify multiple component
faults.

1.2. Literature Review on APU Health Monitoring Methods

The APU has been identified by aircraft operators as a major driver for maintenance as reported
by Liu et al. [1]. The system’s complexity and the fact that APU performance data is rarely available,
make health monitoring of the APU a very challenging task. Based on the available information and
the scope of the work conducted, researchers use either model-based or data-driven methods to
investigate the system’s health state.

In model-based methods, performance data generated by a simulation model is compared with
real systems data and, based on this comparison, component faults can be identified. These methods
require accurate information regarding the component design characteristics. However, this
information belongs to the system manufacturer and it is not generally available in public domain
literature. For this reason, model-based methods are not used frequently. The two most important
model-based health monitoring studies have been reported by Gorinevsky et al. [5] and Gorinevsky et
al. [6]. Both studies follow a similar approach in which a physics-based simulation model calculates
the values of the performance parameters for given boundary conditions under healthy and faulty
states. The model differences between the healthy and degraded conditions are used as an input to a
fault estimator module, which has been designed to identify component faults. The results reported
demonstrate that the proposed methods can identify fault modes to an acceptable level, considering
the uncertainties and noise that exist in real systems.

Since model-based methods are not easily produced, and detailed engineering knowledge is
needed, most published research efforts use data-driven methods. These methods aim at identifying
system faults by analysing data collected from real APU systems. The analysis is conducted by machine



learning algorithms that can detect patterns in the data and correlate them with known fault modes,
or by statistical methods that assign probabilities to a component being healthy or faulty. The
bibliography for data-driven methods in general is vast, and a comprehensive review of these methods
has been provided by Lei et al. [7].

Data-driven methods require the system’s performance data under healthy and degraded
conditions. This can be either real system’s data taken from the aircraft data reporting systems or data
generated from a simulation model. In the work conducted by Vianna et al. [8] a physics-based model
is used to simulate the system’s operation under eight fault modes and the diagnostic analysis that
was conducted considered single faults. In this analysis, the differences in the performance
parameters between the healthy and degraded conditions were used to train a Classification and
Regression Tree. The results demonstrated that the healthy state could be detected in all cases, but
some fault modes were misclassified due to insufficient modelling data. Also, Pascoal et al. [9], used a
simulation model to generate APU data under three different component faults, and based on the
Exhaust Gas Temperature (EGT), bleed air pressure and fuel flow, a linear regression classifier and a
neural network classifier were trained to classify healthy and faulty conditions under single fault cases.
The results showed that the neural network classifier had higher diagnostic accuracy compared to the
linear regression.

Data-driven methods have been used to predict the Remaining Useful Life (RUL) of the APU system
or its components. Wang et al. [10] used data from the Aircraft Condition Monitoring System to train
a random forest algorithm that predicts the EGT based on other APU performance parameters. The
system’s health state was baselined by the random forest model and the system’s degradation over
time is modelled by a Bayesian probabilistic framework which assumes that degradation evolves based
on a Dynamic Linear Model (DLM). The DLM is used to predict the system’s RUL. This method was
tested against field data of APUs belonging to a small fleet of aircraft and presented satisfactory
results. Liu et al. [1] also used aircraft data to develop an algorithm that predicts the APU’s RUL.
Gaussian Process Regression and Relevance Vector Machine are used to predict the RUL. The EGT is
used as the major RUL prediction parameter, and the influence of the bleed mass flow and gearbox
oil pressure and temperature on RUL predictions are investigated. The main conclusion of this analysis
was that the RUL prediction accuracy increases when more prediction parameters were considered.

The common target of all health monitoring approaches is to accurately identify component faults,
or predict their RUL, in order to advise prompt maintenance action that can minimize downtime. The
health monitoring studies for APU systems, presented in this section, are the most representative
examples. However, many diagnostic methods can be applied to an APU depending on the scope of
the research and the components examined. In the work conducted by Skliros et al. [11], a review of
the different diagnostic methods that can be applied to a complex system such as the APU is
presented. The selection of the most appropriate method depends on the subsystems or components
under examination, taking into account all the available information.

2. Failure modes selection and diagnostic methodology

2.1.  Scope of the work

From a system operator’s point of view, a health monitoring analysis is most valuable if it can
accurately assess the system’s health state and identify the Line Replaceable Units (LRUs) that should
be replaced to minimise the system’s downtime and avoid unscheduled maintenance. In real systems
almost all components have a degree of degradation and, many times, different failure modes have
similar fault patterns. This phenomenon makes the identification of the degraded components a



challenging task. The aim of this work is to assess the APU health state and develop a diagnostic
technique that is able to identify degraded components for single or multiple fault conditions.

In order to achieve this, a fault mode for each component under investigation is selected and its
effects on the system performance is explored by injecting it into the simulation model. The effects
that single and multiple faults impose on the system performance are analysed by conducting various
runs for single and multiple faults under different fault severity levels. This analysis reveals the
different component faults that result in similar fault patterns, and aids in the definition of the
component fault severity range that will be used in the diagnostic analysis.

Following that, various simulations for single and multiple component faults are conducted, and a
rich database that includes many different fault combinations is produced. Using these datasets, for
each component under examination, a classification algorithm is trained appropriately in order to
recognise the component health state. The most critical part of the work that is presented in this paper
is that the classifier training strategy considers the existence of multiple component faults. Thus, the
classifiers are trained to recognise each component health state while other components can be either
healthy or faulty. Datasets that include single and multiple component faults, and have been
generated independently from the training datasets, are then used to test the diagnostic classifiers.
The results of the various test cases reveal the strengths and weaknesses of the proposed technique.
In the final part of this paper, methods to enhance the overall diagnostic capability are proposed.

2.2. Failure Modes Selection Methodology

The Boeing Company that supports and funds this project, has identified the most frequent
component faults in APU systems. Investigation of these faults by injecting them into the APU rig
would be unsafe, therefore an alternate approach is taken. In this work, the validated gas turbine
model is modified in order to simulate component faults, for steady-state conditions. The aim of this
paper is to explore the effect that different component faults impose on the APU performance and
propose a diagnostic technique that can identify the component health state for single and multiple
faults, based on the system’s performance parameters. The investigation of all possible fault modes
that can develop in APU components is not possible due to their excessive number. For this reason,
the components that have been reported to fail more frequently were chosen, and for each
component a single fault mode was selected based on the relevant studies in the literature.

At this point, it is important to note that the APU which is used as a case study in this paper has an
unknown history, and its health state is assumed to be deteriorated compared to a refurbished unit.
The component characteristics (e.g. compressor map, turbine map, combustor efficiency, and
generator windings resistance) that are used in the simulation model were adjusted in order to match
the experimental data as was described in Skliros et al. [3]. These characteristics, which are calibrated
against the experimental data, are used as a “healthy” baseline for the analysis that follows.

Starting with the gas turbine subsystem, the components that have been reported to influence the
APU performance are the compressor, turbine, and Load Control Valve (LCV). As reported by Kurz and
Burn [12], the fault modes that develop in the combustor do not cause a major effect on the gas
turbine system thermodynamic performance, and for this reason this component is not included in
the analysis.

Faults in the compressor can develop due to a number of different reasons (e.g. fouling, erosion,
corrosion, or increased tip clearance). Most of these conditions are generated from the accumulation
of foreign objects on the compressor blades which can result in changes in the geometry of the blades,



and finally affect the compressor characteristics. The effects that these faults impose on the
compressor performance have been discussed by many researchers and various experimental and
simulation studies exist [12]—[14]. The relevant literature suggests that the changes in the compressor
performance characteristics (mass flow, pressure ratio and isentropic efficiency) depend on the nature
of the fault. For instance, faults that are related with increased tip clearance have been reported to
decrease all three compressor performance characteristics, as reported by Graf et al. [15] and Frith
[16], while fouling or erosion faults have a much stronger influence on the isentropic efficiency
compared to the mass flow and pressure ratio as reported by Mund and Pilidis [17] and Fouflias et al.
[18]. The compressor fault that is considered in this paper assumes that the compressor isentropic
efficiency has a small decrease (up to 1%) compared to the baseline efficiency, while the relationship
between the mass flow and pressure ratio in the performance map remains unaffected compared to
the baseline characteristic.

As regards the turbine, the high temperature of the gas flow that enters this component damages
the turbine blades and this results in various fault modes (e.g. fouling, erosion, corrosion, increased
tip clearance, or thermal distortion). The relevant literature studies report that turbine degradation
has a much stronger influence on the isentropic efficiency, compared to the flow capacity, as reported
by Boyle [19] and Diakunchak [20]. The turbine fault that is considered in this paper, emulates a
condition in which the turbine isentropic efficiency has a small decrease (up to 1%), while the mass
flow and pressure ratio characteristics in the performance map do not change compared to the
baseline.

The LCV directs the mass flow that exits the compressor to the aircraft pneumatic system. The LCV
is a pneumatically operated valve and it consists of many different parts. The part that typically fails is
the valve’s actuator, and this is usually caused by leakage between the piston chamber of the
pneumatic actuator, degraded springs, or excessive piston friction, as reported by Shang and Liu [20],
and by Daigle and Goebel [21]. These faults result in deviation of the valve’s commanded position, and
this affects the bleed flow extraction, which in turn affects the entire APU performance. The LCV fault
that is considered in this paper, simulates a sticking valve that reduces the extracted bleed flow
compared to the operator’s settings. This fault results in operating conditions that correspond to APU
operation under lower bleed flow settings.

As regards the control system, a fault mode in the Speed Sensor (SS) is investigated. The SS
calculates the APU rotational speed based on the frequency of a gear in the gearbox. Measurement
of the gear frequency is achieved by a monopole in the speed sensor that changes the generated
magnetic flux based on the gear’s rotation. The magnetic flux measurements are converted to
electrical signals that correspond to the rotational speed, and these are transferred to the APU
controller. Overheating or ageing of the SS electrical parts result in faults in the SS. These faults can
be bias, drift, noise, or gain in the output signal, as has been reported by Balaban et al. [23] and Goebel
and Yan [24]. The fault mode that is considered in this paper simulates a condition that the output
signal has a positive bias compared to the input signal. This means that the rotational speed signal
that is transferred to the controller is higher than the real APU rotational speed.

The effects in the APU performance due to a fault in the Fuel Metering Valve (FMV) are also
considered. The FMV is a solenoid valve, which regulates the fuel flow to the gas turbine according to
the controller commands, thus it can be subjected to both mechanical and electrical faults. As regards
the electrical parts, overheating can result in an increase in the resistance of the solenoid windings or,
in the worst case, can cause an open circuit in one of the windings. Degradation of the valve’s
mechanical components and seals can also result in jamming or locked rotating parts as reported by



Balaban et al. [24], Xiao et al. [25] and Cao et al. [26]. Electrical and mechanical faults can result in the
following conditions:

Drift in the valve’s position

Offset in the valve’s position,

A sticking valve at a constant position
An inoperative valve

O O O O

The fault mode that is considered in this work simulates a sticking valve condition. This fault results in
a constant fuel flow that is increased compared to the healthy state.

Finally, the influence of a generator fault in the APU performance is also explored. The generator
is a complex component and it can develop faults that belong to electrical or mechanical parts. The
work that is presented in this paper considers only generator faults that belong to electrical parts.
Electrical faults are mostly generated from overheating, which results in an increase in resistance of
the generator windings. If the resistance increases excessively open circuits can be created in the
generator's windings, as it is reported by Batzel et al. [28], Batzel and Swanson [29] and Tantawy et al.
[30]. The generator fault that is simulated in this work considers the increase in the generator stator
resistance. The increased stator resistance increases the power imposed on the gas turbine shaft,
which in turn affects the gas turbine performance.

2.3. Diagnostic Methodology

The proposed diagnostic technique is designed to identify component health state based on system
performance parameters. In order to diagnose the component health state, it is necessary to run
simulations for all possible fault combinations and identify appropriate fault characteristics.
Classification algorithms, if trained appropriately, can identify fault characteristics for complex
systems as reported by Bettocchi et al. [31] and Bettocchi et al. [32]. For this reason, under the
proposed diagnostic method, for each system component a classification algorithm is trained to
recognize its health state (healthy or faulty).

The training strategy that is adopted to train the classifiers considers the simultaneous existence
of multiple faults in the system. The diagnostic technique that is proposed in this work is motivated
by the work conducted by Hare et al. [33], in which Neural Network (NN) classification algorithms were
trained to recognize multiple faults in an aircraft Environmental Control System. The training strategy,
that considered multiple component faults, provided more accurate diagnostic predictions compared
to the training strategy that was based on the single fault hypothesis.

The diagnostic technique that is discussed in this paper is applied to the APU which is an equally
complicated system, by considering more components and expanding the training scenarios
compared to those used by Hare et al. [33]. The classification algorithms are trained by considering
four scenarios regarding the system’s health state (Table 1). This training strategy aims to train each
component’s classifier to recognize the health state of the component under investigation, while
multiple faults exist in the system. The simplest scenario is based on a single fault hypothesis. This
scenario assumes that only one component is degraded while all other components are healthy. The
second and third scenarios assume that some components in the system can be healthy while others
can be degraded. These scenarios replicate realistic maintenance situations, where some components
are replaced, while others remain in the system. Finally, the fourth scenario assumes that all
components suffer from a degree of degradation due to the system’s operation and the individual



component ageing. The advantages and limitations of the proposed method are discussed in Section
5.

Table 1 System health state scenarios

Scenario 1 Scenario 2 Scenario 3 Scenario 4
Healthy All components are free | One component | The component under | The component under
from degradation. (different from the | examination is free of | examination is free of
component under | degradation and other | degradation but all other
examination) is | components can be | components are

degraded and all other | either healthy or faulty. | degraded.
components are free
from degradation.

Faulty Component under | The component under | The component under | The component under
examination is | examination and one | examination is | examination is degraded
degraded but all other | more component are | degraded and other | and all other components
components are free | degraded. components can be | are degraded.
from degradation. either healthy or faulty.

3. Fault simulations
3.1. Simulation Model Background
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Figure 1 APU model schematic

Figure 1 presents the schematic diagram of the APU model. This model includes a 0-D simulation
of the gas turbine, fuel control system and the electric generator. This model has been developed in
Simulink by leveraging the Toolbox for Modelling and Analysis of Thermodynamic Systems (T-MATS)
library and the characteristics of the components have been calibrated against experimental data from
the GTCP660-4 APU. The inputs to the model are the fuel supply, the rated rotational speed, the
operating conditions, the component characteristics, the power settings, and the component health
state. The model’s outputs are the APU performance parameters, from which the symptom vector
values are extracted. The symptom vector characterises the system’s health state and is created from
virtual sensors located across the system (Figure 1). These virtual sensors capture the parameters that
represent operation of the components and together form the symptom vector, which is the input to
the diagnostic algorithm.




Table 2 presents the failure modes that are considered in this analysis, as a result of the discussion
given in Section 2.2. In the rest of this section, the fault injection mechanism of the respective
component is presented, and the degradation range that will be considered for each one of them is
be explained. The classification algorithm that is selected for each component is discussed in Section
5.

Table 2 Components faults that are considered into the diagnostic analysis

Subsystem Symbol Component Simulated failure mode Classification algorithm
and degradation range
Gas turbine N1 Compressor Decreased efficiency up Logistic regression
to 1%.
N2 Turbine Decreased efficiency up Logistic regression
to 1%.
N3 Load Control Valve Bleed flow reduced up Support vector machine
to 1%.
Control N4 Speed sensor Output signal increased Classification tree
up to 0.5%.
Fuel N5 Fuel Metering The valve is stuck in a Classification tree
Valve position that is increased

up to 1% compared to
the healthy case.

Generator N6 Generator Generator’s stator k-nearest neighbour
resistance increased up
to 5%.

3.2. Gas Turbine

The gas turbine’s model schematic is presented in Figure 1 and the iterative solver that calculates
the model’s solution is presented in Figure 2. The iterative solver aims to drive E1-E3 to zero by
changing the values of the Independent Variables. The gas turbine’s performance parameters are
based on the inlet mass flow, and the operating points on the compressor and turbine maps. They are
calculated by thermodynamic equations included in T-MATS.

The literature that is cited in Section 2, and investigates faults in the compressor and turbine,
reports various fault modes that result in changes in the mass flow, pressure ratio and efficiency of
the compressor or turbine. In this work, a simplified approach for these component faults is taken by
assuming that the compressor or turbine isentropic efficiency decreases, while the characteristics of
the mass flow and the pressure ratio, as they are defined in the component design maps, remain
unaffected. The compressor and turbine isentropic efficiencies are defined by the following equations:

n . ATcom CcoT-CIT
com,isen — , - ,
ATcom,Lsen cor (lsen)_CIT

(1)

n _ ATy TIT-EGT (2)
tur,isen — -
ATtur,isen TIT-EGT (isen)

The reduced efficiency of the compressor and turbine change the component operating point, and
this affects the entire system’s performance. The effects that these faults impose on the symptom
vector are discussed in Section 4.1.



The fault mode considered in the LCV simulates a condition that the valve is stuck, and it cannot
provide the requested bleed flow. This fault mode is emulated by decreasing the bleed flow demand
and the system’s performance corresponds to healthy operation under lower power settings. The
changes imposed on the symptom vector due to these faults are further elaborated in Section 4.1.

Independent Variables Mass Flow Error
Operating point " "
on the m, E, = < in
compressor i

map

Operating . . Ty — (g, — Ty + 1Ry) Iterftlve
point on the My 2 = . : Solver
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Inlet mass 3 Ey = My — (Myy, — My + 1hy)

flow } Min Oty — My + M)

Figure 2 Gas turbine solver schematic

3.3. Control and Fuel System

The APU’s control system monitors the machine’s performance and ensures its safe operation. The
part of the control system discussed in this paper is related to the adjustment of fuel flow to the gas
turbine. The components that are involved with fuel control are illustrated in Figure 1.

The fuel flow to the gas turbine is adjusted in order to maintain constant rotational speed
regardless of the changes in power settings, operating conditions, or the degradation of the
components. The fuel flow is regulated by the FMV which is controlled by the APU Electronic Turbine
Controller (ETC). The ETC is simulated by a Pl controller that accepts as an input the difference
between the sensed rotational speed and the rated rotational speed, regulating the FMV’s position
between fully open and fully closed.

The maximum fuel flow to the gas turbine (FMV fully open) is given by the APU maintenance
manuals and based on this information the controller’s signal is regulated accordingly.

The fault injected in the FMV assumes that the valve is stuck and the fuel flow to the gas turbine is
constant regardless of the controller’'s command. The gas turbine’s rotational speed is transferred to
the controller by a speed sensor (SS). For the purposes of this work, the sensor’s dynamic
characteristics are ignored. The failure mode that is injected into the SS simulates a condition that the
signal transferred to the ETC has a constant positive bias. The changes caused to the symptom vector
due to the FMV and SS faults are discussed in Section 4.2.

3.4. Generator

The electric generator is a synchronous machine that consists of an excitation and a load circuit.
Mechanical power is transmitted to the generator’s shaft from the gas turbine through a gearbox
(Figure 1). The generator provides constant output voltage regardless of the load, the changes in the
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rotational speed or the generator’s health state. This is achieved via an Automatic Voltage Regulator
(AVR) that adjusts the excitation voltage in order to regulate the armature’s magnetic flux accordingly.

The generator model assumes steady-state operation and balanced load across its phases. The
output Line-to-Line voltage is calculated by the following equations:

Vout = Varm — lioaa * (JXinZ + Rstat2> (3)

Varmzﬁ*”*go*% (4)

In Equation 3, V.., is the armature’s voltage, I;,,4 is the current flow through the electric load, Rg;q:
is the stator resistance and X;,, is the sum of the stator and armature inductive reactance. The stator’s
resistance is Rg 4 = 0.4 2 and the value of the generator’s total inductive reactance (X;,) was
adjusted in order that the simulation results could match the experimental data. The excitation circuit
and the AVR are simulated by a Pl controller that compares the output voltage with the rated voltage
and adjusts the armature’s magnetic flux accordingly. However, as opposed to the excitation voltage,
the magnetic flux cannot be measured in real systems. For this reason, an empirical relationship
between the magnetic flux and the excitation voltage is created. Experimental data of the excitation
voltage are correlated with the simulated armature’s magnetic flux through a polynomial equation
and the following empirical relationship is established:

V,, = 5497.328 * % — 1235,807 = ¢ + 73.54 (5)

The generator’s operation creates a counter torque to the generator shaft, which is transmitted to
the gas turbine’s shaft. The power demand from the generator is calculated based on the following
formula:

_ Vém (6)

P =
gen Rarm

In Equation 6, the armature’s resistance is: R = 1.52 0.

The generator fault mode considered in this work assumes that the stator resistance (Rgtq¢)
increases due to overheating. The changes imposed on the symptom vector under the generator fault,
for various degradation levels, are presented in Section 4.3.

4. Sensitivity assessment of the APU model under the influence of faults

In this section, the component faults are injected into the simulation model, the changes in the
APU performance are discussed and the model’s sensitivity is assessed by simulating various levels of
degradation for each component fault. The sensitivity assessment ensures that the simulation results
are consistent with the APU performance under faulty conditions and contributes to the definition of
the component degradation ranges that will be investigated in the diagnostic analysis.

The boundary conditions selected to conduct the fault simulations correspond to the maximum
power settings imposed on the APU rig that was used to calibrate the model, these are:

o Bleed flow: 3kg/s
o  Electric power: 25 kW
o Ambient temperature: 20 °C

o Altitude: Sea level
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o Mach number: APU stationary
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Figure 3 Compressor operating points

The influence of each component fault is investigated in isolation, following the methodology
reported by Norton [34]. Also, representative examples of multiple faults that create similar changes
in the symptom vector and result in ambiguous fault conditions are discussed in this section. The
influence that all fault combinations impose on the symptom vector cannot readily be analysed due
to the large number of all possible fault combinations. The effects that multiple faults have on the
APU performance are captured by classification algorithms that are used to identify each component’s
health state under single and multiple faults and are further discussed in the diagnostic analysis in
Section 5.

The compressor operating point influences the APU performance under the various faults. For this
reason, the operating points that correspond to the faults that are considered in this paper (for a single
case) are illustrated in Figure 3. The points N1-N6 correspond to the component faults shown in Table
2. The change of the compressor operating point aids the understanding of the APU performance
under faulty conditions and will be discussed throughout this section.

4.1. Gas turbine faults

In this section, the effects of the gas turbine component faults on the APU performance are
analysed. Initially, each fault is discussed in isolation and then, at the end of this section,
representative examples of multiple faults are presented.

Starting with the compressor, a fault in this component is simulated by reducing the component
efficiency and the imposed changes on the symptom vector are presented in Figure 4. In this, and
subsequent figures, the deviation of a variable from healthy (y-axis) is plotted for each variable (x-
axis). The variables are shown in the table of Figure 1 and represent the main parameters governing
the performance of the APU. Each individual deviation is connected with a solid line to give a visual
representation of the symptom vector and conveys no other meaning. The change of the compressor’s
operating point that corresponds to decreased efficiency by 1% is illustrated in Figure 3 (N1). Due to
the fact that the APU maintains constant rotational speed, the compressor operating point remains
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on the same speed line and the relationship between the inlet mass flow and the pressure ratio is
dictated by the shape of the speed line on the compressor map.
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Figure 4 Sensitivity assessment for the compressor fault

Under the discussed compressor fault, the decreased compressor efficiency shifts the compressor
operating point to reduced mass flow. As a consequence, based on the compressor’s design
characteristics (Figure 3), the pressure ratio and the compressor outlet temperature increase. The
power consumed by the compressor can be calculated from:

Poom = My * Cp,air * ATom (7)

Assuming that the specific heat of air at constant pressure (C, 4;) remains almost constant, the
compressor power depends on two opposing factors: the inlet mass flow and the temperature
difference across the compressor. Since the temperature difference across the compressor presents
a stronger change compared with the inlet mass flow (Figure 4), the compressor power consumption
increases. As a consequence, since the controller keeps the rotational speed constant, the turbine
needs to provide more power, which leads to a rise in the fuel flow.
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Figure 5 Sensitivity assessment for the turbine fault

The effects of a turbine fault on the APU performance are investigated next. The turbine fault is
emulated by decreasing the turbine efficiency and Figure 5 illustrates the changes in the symptom
vector due to this fault for 4 severity levels. Figure 3 (N2) presents the change in the compressor
operating point due to a decrease in the turbine efficiency by 1%. The reduced turbine efficiency drives
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the compressor and turbine operating points to reduced mass flow. Thus, since the APU keeps its
rotational speed constant, the COP and COT increase due to the shape of the compressor
characteristic line (Figure 3).

The changes in the fuel flow are associated with the power balance between the compressor and
the turbine. The power provided by the turbine is calculated by the following equation:

Peyr = (M + mf — M) * Cp,gas * ATy (8)

Based on the changes in the performance parameters presented in Figure 5, the value of the factor
“(Min + mg —my,;)” remains almost constant. However, the temperature difference across the
turbine reduces since it is calculated by Equation 2, and the turbine efficiency decreases. Thus, under
the discussed fault, the power provided by the turbine decreases. As regards the compressor power
consumption, it is calculated by Equation 7 and based on the changes in the APU performance
parameters in Figure 5, it is observed that the decrease in the inlet mass flow is much lower compared
to the increase in the temperature difference across the compressor. Thus, the compressor power
consumption, under the turbine fault, increases. The decrease in the power provided by the turbine
in combination with the increase in the compressor power consumption creates a tendency of the
APU to reduce its rotational speed. However, since the controller is designed to keep the rotational
speed constant, the fuel flow increases.

The compressor and turbine are mounted on the same shaft, and for this reason, a fault in one of
these components affects the performance of the other, therefore it is worthwhile to compare the
changes that the compressor and turbine faults impose on the APU performance. Figure 6 presents
the changes in the symptom vector when the efficiency of each component individually is decreased
by 1%.

Initially, it is noticed that even though the compressor operating point is almost the same for both
faults (Figure 3: N1 and N2), the COT increases more under the compressor fault. This is explained due
to the fact that the COT is calculated from Equation 1 and the compressor isentropic efficiency reduces
(the Compressor Inlet Temperature (CIT) remains constant).

Another observation that can be extracted by comparing the changes in APU performance under
the compressor and turbine faults (Figure 6) is that the TIT is almost the same for both faults, while
the EGT presents a stronger increase under the turbine fault compared to the compressor fault. The
TIT depends on 2 factors: the COT and the fuel flow. The COT is higher under the compressor fault,
while the fuel flow is higher under the turbine fault. The influence of the compressor and turbine faults
on these parameters result in almost equal changes in the TIT for both faults. This is associated with
the temperature difference across the turbine. The EGT is calculated by Equation 2 and it is based on
the TIT and the turbine efficiency. The decreased turbine efficiency under the turbine fault results in
a lower temperature difference across the turbine, and this explains the increased EGT observed
under the turbine fault compared to the compressor fault.

Finally, it can be observed that even though the compressor and turbine faults have the same fault
severity (efficiency decrease by 1%), there is a higher increase in the fuel flow under the turbine fault.
The fuel flow ensures that the turbine power matches the compressor power consumption. The
compressor and turbine power are calculated by Equation 6 and 7, respectively. By comparing the
magnitude of the changes in the inlet mass flow and the COT in Figure 6, it can be concluded that the
compressor power consumption increases under both the compressor and the turbine fault. Under
the compressor fault, the compressor power consumption increases, and for this reason, the fuel flow
increases until the power balance between the compressor and the turbine is achieved. Under the
turbine fault, the turbine power decreases (because the turbine efficiency drops) and since the turbine



14

power must satisfy the compressor power demand, the fuel flow rises. Moreover, as it was described
in the previous paragraph, under the turbine fault the compressor power consumption also increases
and this results in a further increase of the fuel flow, hence the increased fuel flow under the turbine
fault.
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Figure 7 Sensitivity assessment for the LCV fault

Following the compressor and turbine faults, the effect of a sticking valve on the APU performance
is investigated. Under this fault, the valve is assumed to get stuck at a position that results in reduced
bleed flow compared to the operator’s demand, and for this reason, the sticking valve fault is
emulated by decreasing the bleed flow demand. Figure 7 presents the changes in the symptom vector
due to the LCV’s fault for various severity levels and Figure 3 (N3) illustrates the change of the
compressor’s operating point for reduced bleed flow by 1%. The sticking valve fault decreases the
effective area at the compressor outlet, and this results in an increase in the pressure ratio and
compressor outlet temperature. Based on the characteristics of the compressor performance map
(Figure 3), the increase in the pressure ratio accompanies a decrease in the inlet mass flow. Since the
reduction in bleed flow is more than the decrease of the inlet mass flow (Figure 7), the mass flow
through the turbine increases and this results in a rise in turbine power. This phenomenon creates a
tendency of the APU to increase its rotational speed and because the controller keeps the rotational
speed constant, the fuel flow reduces.
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Having concluded the investigation of the individual gas turbine faults, the effect of multiple faults
in the APU performance are now discussed. By observing Figures 4, 5 and 7 it is noticed that the
component faults discussed above have distinct features (i.e. shape of symptom vector) and can be
easily identified under a single fault hypothesis. However, if multiple faults exist in the system, various
fault combinations result in similar changes in the APU performance. Figure 8 illustrates an example
of 4 different fault combinations that create similar changes in the symptom vector. These examples
consider faults only in the gas turbine components and FC1-FC4 indicate their corresponding Fault
Conditions. It can be seen that a fault diagnostic approach that is based on the single fault hypothesis
will fail to identify the component health state in these cases since different fault combinations can
result in similar fault patterns. The diagnostic technique that is proposed in this work takes into
account cases where multiple faults exist in the system and the diagnostic classifiers are trained
accordingly. The strengths and weaknesses of the proposed technique are discussed in Section 5.
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Figure 8 Gas turbine multiple fault combinations

4.2. Control & fuel system faults
Following the gas turbine components, faults in the control and fuel system are analysed. In this

section, fault modes for steady-state operation are considered for the Speed Sensor (SS) and the Fuel
Metering Valve (FMV).

As regards the SS, the simulated fault emulates a condition under which the rotational speed signal
that is transferred to the APU Electronic Turbine Controller (ETC) has a constant positive bias, i.e. the
actual speed is lower than that indicated. Figure 9 presents the corresponding changes in the symptom
vector and Figure 3 (N4) illustrates the compressor operating point that corresponds to a 0.5% biased
signal. This fault makes the controller reduce the fuel flow in order to decrease the rotational speed
until the difference between the sensed rotational speed and the APU’s design rotational speed
(20,000 rpm) drop below a predefined threshold. This threshold sets the convergence limit of the PI
controller that is used to emulate the ETC. For this reason, the change of the rotational speed under
the SS fault does not match exactly with the bias injected in the SS. Under this fault, the compressor
operating point moves to a lower speed line, which corresponds to a reduced inlet mass flow and
pressure ratio (Figures 3 and 9). Finally, the reduced rotational speed decreases the generator’s
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frequency, and this drives the generator’s controller to increase the excitation voltage to maintain a
constant output voltage.
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Figure 9 Sensitivity assessment for the speed sensor fault

The FMV fault replicates a sticking valve condition that keeps the fuel flow constant regardless of
the controller’s command. Figure 10 presents the changes in the symptom vector for the FMV fault,
and Figure 3 (N5) illustrates the compressor operating point for a stuck FMV in a position that
increases the fuel flow by 1% compared to the healthy state. Under this fault, since the fuel flow
remains constant, the turbine power increases, and this leads to an increase in the rotational speed.
The controller senses the over-speed condition and commands the FMV to close. Since the FMV does
not react to the control signals, the controller dictates the FMV to become fully closed and this
explains the huge difference that is observed to the “ETC_signal” parameter (Figure 10). The
controller’s behaviour is related to the fact that the FMV ignores the control signal, therefore,
regardless of the fault’s severity, the controller will always command the FMV to become fully close.
Furthermore, the increased rotational speed drives the compressor operating point to a higher speed
line that very slightly decreases the mass flow and increases the pressure ratio, as shown in Figure 3.

Finally, the rise in the rotational speed increases the generator’s frequency, which decreases the
excitation voltage.

The effects of the SS and FMV faults on the APU performance, like the gas turbine faults, are distinct
and can be easily identified under single fault modes. However, when multiple faults exist in the
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Figure 10 Sensitivity assessment for the FMV fault
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Figure 11 Fault combination that can mask the SS fault

system, the imposed changes on the symptom vector can vary and sometimes a fault can be
completely masked. These situations are presented in the examples FC5-FC7 that are illustrated in
Figure 11. Initially, the test case FC5 (Figure 11) is considered. In this test case, the compressor and
turbine efficiencies are decreased by 1%, and the FMV is stuck in a position that allows 0.5% more fuel
flow compared to the healthy state. Under this fault combination, the constant fuel flow is not enough
to drive the gas turbine’s rotational speed up to its rated value, due to the compressor and turbine
degradation. The controller senses an under-speed condition and commands the FMV to open. This
example demonstrates that the FMV fault can result in over-speed or under-speed conditions
depending on the health state of the other components.

The example FC6 considers a test case that includes the faults described in FC5 supplemented with
a fault in the SS. It is observed that the changes imposed on the symptom vector for FC6 are identical
with the changes that correspond to FC5, hence the SS fault is completely masked. This occurs
because, as it was explained above, the faults in FC5 create an under-speed condition and the severity
of the SS fault in FC6 is not strong enough to stimulate an over-speed. Therefore, the addition of a SS
fault with low severity to FC5 does not affect the symptom vector, because the fuel flow remains
constant (the FMV is stuck) and the controller’s command corresponds to an under-speed condition.
In a test case that the SS fault severity is strong enough to create an over-speed condition, as seen in
the example in FC7, the controller commands the opposite reaction compared to the previous test
cases, hence the SS fault can be identified.
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4.3. Generator fault
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Figure 12 Sensitivity assessment for the generator

The failure modes that can be developed in an electric generator are numerous and can affect both
the electrical part and the mechanical part of the generator. For this work, a simple electrical fault
that simulates the increase in the stator’s resistance is considered. Under this fault, the generator’s
output voltage presents a tendency to decrease. The generator’s controller increases the excitation
voltage (EV), which generates a magnetic flux to keep the output voltage constant. The increased EV
results in an increase in the armature voltage, which in turn leads to an increase in power demanded
from the gas turbine’s shaft.

Figure 12 presents the changes imposed on the symptom vector under the generator fault,
corresponding to 4 different levels of degradation. It is observed that the influence of the generator
fault on the gas turbine parameters increases as the stator resistance rises. However, the changes
remain small even when the fault severity increases by 120%. This phenomenon is associated with the
fact that the change in the electrical power demand due to the generator fault is very minor compared
with the pneumatic power extracted, 7-8% from Table 3.

Table 3 Comparison of the generator power with the pneumatic power

Pneumatic . Generator power Pyen Deviation
Power (kW) |mp?sed on the gas P—bl from

turbine's shaft (kW) healthy (%)
Healthy 533.54 35.53 0.07 0.00
Fault: 5% 535.28 35.72 0.07 0.19
Fault: 50% 533.74 37.42 0.07 5.28
Fault: 100% 533.96 39.65 0.07 11.50
Fault: 120% 534.07 40.59 0.08 14.13
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The test case that corresponds to an increase in the stator resistance by 120% is used as a
working example and, based on that, it can be observed that the increase from healthy by 14.13%
leads to minor changes in the gas turbine characteristics. More specifically, the maximum change is
observed in the fuel flow and the minimum change in the inlet mass flow. The only parameter that
has a significant reaction under the generator fault is the excitation voltage, which increases by 38%.
The excitation voltage is adjusted by the generator’s controller and depends only on the gas turbine
rotational speed and the generator’s health state. Fault combinations that result in changes in the
rotational speed affect the excitation voltage. Therefore, under such conditions, the generator’s
health state can be misclassified. Figure 13 presents an example of two fault combinations that have
similar fault patterns. For FC8 the generator is healthy, and for FC9 the generator’s internal
resistance is increased by 3%. It is observed that both fault modes cause almost identical changes in
the symptom vector. These phenomena create ambiguities in the generator’s diagnosis. This will be
discussed more thoroughly in Section 5.
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Figure 13 Fault combinations that result in ambiguity in the generator fault diagnosis

4.4. Definition of the degradation range for components considered in the
diagnostic analysis
The definition of the degradation range for each component that will be considered in the
diagnostic analysis is driven by two major factors: the safety-critical parameters must remain within

their limits, and the injected faults should impose changes on the symptom vector parameters that
are of the same order of magnitude.

As regards the analysis that is considered in this paper, the relevant safety parameters are the
Exhaust Gas Temperature (EGT), which must be below 620 °C, and the rotational speed, which must
be between 19,000 rpm and 21,000 rpm. The faults that increase the EGT are the compressor, turbine,
FMV and generator. Based on the sensitivity assessment of these faults, the EGT reaches its maximum
value when the compressor, the turbine and the generator are degraded.
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The fault severity that is selected for these components, in order to keep the EGT within its limit,
is 1% decrease in the efficiency of the compressor and turbine and 5% increase in the generator’s
stator resistance. As regards the LCV, SS and FMV faults, their degradation ranges are selected in such
a way that their influence on the symptom vector is of the same order of magnitude compared with
the components mentioned above. Therefore their fault severity is selected to be: 1% reduced bleed
flow for the LCV, 0.5% bias for the SS and 1% increased position for the FMV.

5. Diagnostic analysis

The ultimate aim of this project is to develop a diagnostic technique that can diagnose APU
component faults. The diagnostic technique that is proposed in this paper uses a classification
algorithm to identify each component’s health state (healthy or faulty). As has been discussed in
Section 4, the diagnosis of component health state under multiple faults is a challenging task, because
many times different component faults result in similar fault patterns, even if the correct sensor
signals are chosen for the symptom vector. The diagnostic technique that is proposed in this work
aims to train diagnostic classifiers to recognise component health state under single or multiple faults.

In order to achieve this, instead of training each classifier under the single fault hypothesis, a
training strategy that considers 4 different scenarios regarding the system health state (Table 2) is
used. The fault scenarios that are considered, apart from the single fault hypothesis (Scenario 1), are
the simultaneous existence of multiple components faults (Scenarios 2 and 3), and the possibility that
all components have a level of degradation (Scenario 4). Thus, each classifier is trained to recognise
the health state of the component under investigation while the other components can be healthy or
have various fault combinations. Therefore, each classifier is able to identify unique fault features for
each component fault and this allows the diagnosis of different faults that impose similar changes to
the APU performance.

Data for training and testing the diagnostic classifiers are generated from the Boeing 747 APU
model that has been discussed throughout this paper, and the corresponding boundary conditions
that are presented in Section 4. The simulation data are then processed by supervised classification
algorithms that are included in the Matlab classification learner toolbox [35]. The algorithms that are
included in Matlab are well-known classifiers (e.g. Support Vector Machine, k-nearest neighbour) and
for this reason, their mathematical description is not provided in this paper. For each component
under investigation, the simulation data that corresponds to the four scenarios of Table 1 is used to
train all available classifiers, and the one that demonstrated the best classification results is selected.
The classifier that is chosen for each component is shown in Table 2.

Training of each classification algorithm is conducted by considering the different system health
scenarios in Table 1. 100 different simulation cases of each scenario are used to train the classifiers
(4x2 scenarios from Table 1, 800 simulations in total). The component degradation severity for each
simulation is randomly selected from the degradation range that is presented in Table 2. For Scenario
2, 20 faulty test cases are considered for each component (20x5 components, 100 cases in total).
Finally, the component health state under Scenario 3 can be either healthy or faulty, with equal
probability, for each simulation case.

The proposed methodology is tested against data corresponding to single and multiple faults for
the 4 different Test Scenarios that are extracted from Table 1, as described below:
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o Test Scenario 1 — Datasets that correspond to single faults for each component - 25 test
cases for each component fault, 25 (test cases) x 6 (components) = 150 (total test cases),
Figure 14.

o Test Scenario 2 — Datasets under which some components are healthy, while others are
faulty - 25 test cases randomly generated, Figure 15.

o Test Scenario 3 — Datasets in which all components are faulty - 25 test cases randomly
generated, Figure 16.

o Test Scenario 4 — Datasets in which only one component is healthy while all other
components are faulty - 25 test cases for each component, 25 (test cases) x 6
(components) = 150 (total test cases), Figure 17.

The datasets that correspond to Test Scenarios 1-4 have been generated independently from the
datasets that are used for training. The diagnostic results, for each component, are presented in the
confusion matrices in Figures 14-17 that compare the simulated health state (vertical axis) with the
classifiers' predictions (horizontal axis). For example, the symbol “GEN-H” corresponds to the
generator being healthy and “GEN-F” corresponds to the generator being faulty; Figure 14d shows
that a healthy generator has been classified correctly 18 times but misdiagnosed (as faulty) 7 times.
Correct classification cases are positioned on the matrix diagonal and are shown in green. The false
positives (cases diagnosed as faulty but actually healthy) and false negatives (diagnosed as healthy but
actually faulty) are shown in rose and blue, respectively. To complete the table, the test cases that
have an increased number of misclassifications are highlighted in yellow and are discussed in the rest
of this section.

5.1.  Test Scenario 1: single fault cases

The ability of the proposed method to detect single faults by running Test Scenario 1 is presented
in Figure 14. Each matrix (a-f) shows the result of a single fault being classified by each individual
classifier. A perfect result would be that all the classifiers showed their components as healthy, except
the one fault that was being examined, which would classify all 25 cases as faulty. The results show
that the compressor, LCV, SS and FMV classifiers have perfect accuracy, while the turbine has 2 false
negatives (Figure 14b). The generator classifier presents false alarms when the SS or the FMV is faulty
(Figures 144, e).

The misclassifications for the turbine are attributed to the fact that the existence of multiple faults
in the gas turbine components (compressor, turbine, and LCV) result in similar fault patterns, as it was
shown in Section 4.1 (Figure 8). Therefore under specific fault combinations, the gas turbine
component classifiers can result in erroneous classifications. However, the diagnostic results show
that, in most test cases, the compressor, turbine, and LCV classifiers can distinguish unique fault
features that correspond to each component fault and can accurately diagnose the components
health state under single faults. The ability of the proposed method to identify the health state of
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Figure 14 Diagnostic results for single faults

these components, even though their faults cause similar changes to the symptom vector, relies on
the training strategy that takes into account the existence of multiple faults in the system.

As regards the SS classification results, a fault in the speed sensor results in a reduction in the
rotational speed and, as seen in Section 4.2, this is a fault characteristic that corresponds only to the
SS, hence the perfect classification. The perfect accuracy of the FMV fault is related to the fact that
under this fault the control signal has a huge deviation compared to the healthy case, as seen in the
sensitivity assessment (Section 4.2), and this is a unique fault characteristic for the FMV fault. As is
also discussed in Section 4.2, the high deviation of the controller signal under the FMV fault is
independent of the fault severity and appears for single or multiple fault cases. Thus, due to this fault
characteristic, the FMV health state can be easily identified.

The generator health state is mostly diagnosed correctly but fails for test cases that correspond to
SS or FMV faults (Figures 14d and e). As discussed in Section 4.3 the generator fault only imposes a
noticeable change on the Excitation Voltage (EV), its influence on all other performance parameters
being small. The EV is regulated by the generator’s control unit to maintain constant output voltage,
and its value depends on the generator’s frequency and the armature voltage (Section 3.4, Equations
1-3). As a consequence, fault conditions that result in changes to the generator’s frequency, even if
the generator is healthy, will cause changes to the EV. Both the SS and the FMV faults change the
generator frequency and so can be confused with a genuine generator fault. Put another way, Figure
9 shows a single SS fault, and Figure 12 a single generator fault. In the case of both the SS and
generator being faulty, one of the training data scenarios which may have been labelled as a generator
fault, then it is very difficult to tell the difference between this type of generator fault and a single SS
fault of a higher degradation level. The same reasoning follows for the FMV case. This is a direct result
of the training method chosen. If training had been performed only on single fault data, then the
classifiers would have identified each fault without error.

5.2.  Test Scenario 2: components either healthy or faulty

The diagnostic classifiers are next tested against datasets that correspond to multiple faults; Figure
15 presents the diagnostic results that correspond to Test Scenario 2. Under this testing scenario,
there are 25 test cases in which all components could be either healthy or faulty with equal probability.
Out of the 150 conditions (25x6 components), the generated cases correspond to 84 healthy
components and 66 faulty ones.
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Figure 15 Diagnostic results for multiple faults

The results in Figure 15 show that the compressor and turbine both have 1 false negative, while
the LCV and FMV classifiers have perfect diagnostic accuracy. The good diagnostic results for the gas
turbine components under multiple faults is attributed to the training strategy that considers multiple
fault combinations. The misclassifications that are observed are associated with the fact that these
gas turbine faults can sometimes impose very similar changes on the APU performance, as explained
in Section 4.1.

The SS and generator classifiers demonstrate lower accuracy. The SS classifier has 3 false positives,
but no false negatives, showing that the SS classifier can recognise a fault, but can also result in false
positives under specific fault conditions. These cases correspond to those in which the compressor,
turbine and FMV are faulty. As was seen in Section 4.2, in such cases, if the SS fault severity is low, the
changes in the SS health state do not markedly affect the symptom vector. As a consequence, the SS
classifier is not able to recognise characteristic features in the symptom vector that correspond to the
SS healthy or faulty state, and hence the classifier fails.

The generator classifier has 7 false positives and 6 false negatives, hence its diagnostic results are
not reliable. The unsuccessful diagnostic results for the generator’s classifier are related to the fact
that the changes that the generator fault imposes on the gas turbine performance are negligible and
any major fault is characterised by a change in EV. Therefore, SS or FMV faults that also change the EV
can cause misclassification in the generator diagnosis, as it was explained in Section 5.1.

5.3. Test Scenario 3: all components faulty
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Figure 16 Diagnostic results when all
components are degraded

Identification of component faults when all components are degraded, Test Scenario 3, is
investigated here. The diagnostic results presented in Figure 16 show that a fault can be detected,
with good accuracy, in all components apart from the generator.

More specifically, the LCV, SS and FMV have perfect fault detection accuracy, and there exists only
a few false negatives for the compressor (1) and for the turbine (3). As previously discussed, the fault
misclassifications for the compressor and the turbine are associated with the fact that faults in the gas
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turbine components result in similar changes in the APU performance. In most test cases the classifiers
have accurate classification results, and this (once again) highlights the merits of the training strategy
that considers multiple component faults. The unique characteristics of the SS and FMV faults,
discussed in Section 5.1, are again recognised by their respective classifiers.

The generator classifier has, again, low fault detection accuracy since it has 10 false negatives, and
hence the generator predictions are not trustworthy. The generator classifier fails to identify the
generator’s health state for the same reason that the generator diagnosis fails in Test Scenarios 1 and
2.

5.4. Test Scenario 4: one component healthy, all others faulty
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Figure 17 Diagnostic results when one component healthy, all others faulty

Finally, the ability of the proposed method to identify a healthy component when all other
components are degraded (Test Scenario 4) is presented in Figure 17. The results show that the
classifiers that correspond to the compressor, turbine, LCV and FMV, can diagnose their component’s
health state with good accuracy, while the SS and generator classifiers do not provide accurate
predictions. Indeed the FMV has perfect classification accuracy.

The maximum number of false negatives for the compressor, turbine, and LCV are:

o 2 each for the compressor and turbine, which correspond to the test condition where all
components, apart from the LCV, are degraded (Figure 17c).

o 1 for the LCV, which corresponds to the test condition where all components are degraded
apart from the SS (Figure 17d).

As has been pointed out in all the previous tests, due to the training strategy that trains the
classifiers to consider the existence of multiple faults in the system, the compressor, turbine and LCV
classifiers can diagnose the component’s health state with a high level of accuracy for single and
multiple fault conditions, even though their fault patterns are very similar. As such, the above results
are seen as good.

The SS classifier cannot recognise the SS healthy state when all other components are degraded
and the classification results in false alarms for all test cases (Figure 17 d). Under these test cases, the
compressor, turbine and FMV are simultaneously degraded and, as was discussed in Section 5.2, in
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such cases the SS fault does not markedly influence the symptom vector. This situation does not allow
the SS classifier to differentiate between healthy or faulty cases.

Finally, the generator’s classifier, similarly to all the previous tests, cannot predict the generator’s
health state since it presents many false positives and negatives. The reason that the generator
diagnosis fails when multiple faults are simultaneously degraded are the same as in the previous tests.

5.5.  Diagnostic Summary

The major findings from the diagnostics can be summarised as:

o The compressor, turbine, LCV and FMV have good classification accuracy. This is perhaps
surprising as their individual degraded health results in similar changes in APU performance.
The SS and generator classifiers do not provide reliable predictions.

The symptom vector for these studies was chosen by engineering judgement. It could now be
refined, or alternative sensors suggested, in light of these results.

o FortheSS, a secondary speed sensor could be installed (redundancy) to alleviate this fault.

o For the generator, as this component is effectively de-coupled from the main gas turbine, the
system diagnosis approach could be complemented with a component diagnostic approach. A
sensor that provides measurement of the resistance of the generator windings can detect a
fault in this component.

o The overall strategy, of training the classifiers on data sets with a mixture of faults, seems to
indicate a promising way forward. In particular, the results shown as Test Scenarios 2 and 3
represent cases found in industry. The condition of a component is being examined without
knowing the condition of the components around it.

Summary and conclusions

In this paper the simulation of faults in selected components of a Boeing 747 APU is presented, and
a diagnostic technique that aims to identify the health state of these components under single or
multiple faults reported. The selection of the APU components is based on the most frequent
component faults that have been reported by The Boeing Company and the fault mode that is
simulated for each component is driven by the relevant studies in the public domain literature that
discuss the component degradation mechanisms.

The aim of this work is to conduct a system level diagnostic analysis on an APU and is based on two
important aspects:

o The analysis considers component faults of multiple sub-systems.
o The proposed diagnostic technique is designed to identify single and multiple faults.

Both aspects that are mentioned above, have not been sufficiently discussed by relevant studies in
the public domain literature, thus, the analysis and the findings that are reported in this paper
contribute to this issue.

The diagnostic technique that is proposed in this paper is able to diagnose the compressor, turbine,
LCV, and FMV health state, under single and multiple faults. These faults result in similar fault patterns,
and the ability of the proposed technique to identify the components health state suggests a
promising way forward. The outcome of the diagnostic analysis, indicates that the training of the
component classifiers by considering the simultaneous existence of faults in different components is
critical in the diagnosis of single and multiple faults. Also, the reasons that the SS and generator
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diagnosis fail are explained and based on this discussion, there are suggested ways to enhance the
diagnostic results.

Finally, the results of this work suggest interesting topics that can be investigated in order to
increase the system diagnostic capability. For instance, the influence of sensor noise on the symptom
vector parameters would impose a further limitation on the component diagnostic. Then the ability
of the diagnostic technique to distinguish between the sensors uncertainty and the existence of
component faults would be a challenging task. Also, this would set more realistic thresholds to the
fault severity range. Another topic that is worthy of studying is the identification of the minimum
number of sensors required to diagnose the maximum number of component faults. The answer to
this question would suggest design specifications for systems that are built for fault diagnostics.

Nomenclature
Abbreviations

APU Auxiliary Power Unit

AVR Automatic Voltage Regulator
cop Compressor Outlet Pressure
coT Compressor Outlet Temperature
DLM Dynamic Linear Model

EGT Exhaust Gas Temperature

ETC Electronic Turbine Controller
EV Excitation Voltage

FADEC Full Authority Digital Electronic
FC Fault Condition

FMV Fuel Metering Valve

Lev Load Control Valve

LRU Line Replaceable Unit

ML Machine Learning

RUL Remaining Useful Life

SS Speed Sensor

D Test Datasets

TIT Turbine Inlet Temperature

Latin symbols

Ocom A quantity that corresponds to the compressor
Otur A quantity that corresponds to the turbine
Cp,air Air specific heat at constant pressure
Cp,gas Gas specific heat at constant pressure
Lioad Generator current output

my,; Bleed flow

My Fuel flow

My Inlet mass flow

Ngen Generator rotational speed

P.om Compressor power

Pryy Turbine power

Py, Bleed air power

Byen Generator power demand

Rarm Generator armature resistance

Rstar Generator stator resistance

Vorm Generator armature voltage
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Generator excitation voltage
Generator output voltage
Generator windings inductive reactance

Greek symbols

AT Temperature difference
Neom_isen Compressor isentropic efficiency
Neur isen Turbine isentropic efficiency

10 Generator internal magnetic flux
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